Abstract-Quality assessment is the focus of many healthcare initiatives. Yet, it is not well understood how the type of information used in decision support tools to enable judgments of quality based on data impacts the accuracy, consistency, and reliability of judgments made by physicians. Comparative pooled information could allow physicians to judge the quality of their practice by making comparisons with other practices or other specific populations of patients. In this study, resident physicians were provided with varying types of information derived from pooled patient datasets: quality component measures at the individual and group level, a qualitative interpretation of the quality measures using percentile rank, and an aggregate composite quality score. Thirty-two participants viewed 30 quality profiles consisting of information applicable to the practice of 30 deidentified resident physicians. Those provided with quality component measures and a qualitative interpretation of the quality measures (rankings) judged quality of care more similarly to experts and were more internally consistent compared with participants who were provided with quality component measures alone. Reliability between participants was significantly less for those who were provided with a composite quality score compared with those who were not.
I. INTRODUCTION
The ability to judge quality is an important skill in many domains including healthcare [1] , [2] and education [3] . For example, both graduate medical education and clinical specialty certification agencies mandate that physicians must demonstrate the skill of judging the quality of their clinical practice. They must learn to investigate and evaluate practice data in order to judge the quality of the care they provide [4] , [5] . Despite the importance of this skill, many physicians are not trained to make quality judgments and have demonstrated a limited ability to accurately judge their quality of care [6] . Our overall goal is to inform the design of tools that will aid physicians in their ability to investigate and evaluate practice data to judge quality.
Pooled datasets provide one opportunity for supporting quality judgments in healthcare. Electronic medical records (EMRs) and related data repositories can provide the automated collection, processing, and presentation of pooled information, meaning aggregated data derived from a defined population of patients rather than episodic data on a single-patient encounter or experience.
Some effort has been devoted to using absolute quality indicators to gain insight into the quality of care provided to pooled patient populations [7] , [8] . However, there remain limitations in the validity and use of these direct indicators due to inconsistent definitions, varying data sources, lack of risk adjustment, lack of evidence to predict better patient outcomes, and timeliness of data [9] - [15] .
Using comparative information supports overcoming some of these limitations in quality judgment. For example, in healthcare, comparative pooled information allows physicians to judge their practice by making comparisons with other practices or other specific populations of patients. This comparative assessment requires sequential information acquisition of quality measures or indicators, interpretation of these measures, and aggregation of the measures to form a judgment regarding the quality of care provided.
To support the acquisition of pooled comparative quality information, tools may compute and present quality component measures. These measures of quality may include specific structure, process, or outcome measures that relate to care in a certain area for specific populations of patients. For example, the Centers for Medicare and Medicaid Services have created a website that presents quality component measures for different hospitals within a geographical area, such as the process measure of the percentage of patients at each hospital who have been given an influenza vaccine [16] . This allows users to compare the percentages between hospitals to make their own judgment regarding quality of the hospitals.
Another strategy for supporting quality judgments with pooled comparative information is to present quality component measures and to also aid in interpreting those quality measures. For example, the Leapfrog Group provides a website with qualitative interpretations of individual quality component measures, such as indicating which hospitals have shown "substantial progress" for a quality measure or which hospitals "fully meet predetermined thresholds" for certain quality measures [17] .
For some aspects of care, multiple quality component measures are needed to make a judgment regarding the overall level of quality. To ease the amount of information needed, individual component measures have been aggregated into a single composite quality score [18] - [23] . While these composite scores are able to statistically describe the variation between populations of patients, they are sensitive to aggregation rules, and the comprehensibility of them by users has not been fully investigated [24] .
Despite the increasing effort to develop and present comparative quality information to aid in judging quality of care, it is not known how the type of information considered affects judgments, particularly where gold standards may be based on experts' judgments of the information. The overall aim of this study was to investigate the impact of different types of pooled comparative information on resident physicians' ability to judge quality of care. Specifically, our objectives were to investigate how the display of quality component measures, interpretations of component measures, and an aggregation of component measures affected 1) accuracy of quality judgments measured by comparing the participants' quality judgments to those of experts, 2) consistency of judgment measured by the ability of participants to maintain their judgment policy over time, and 3) reliability of judgment measured using judgment value range information across multiple participants. Assessment of the overall quality of hypertension care in an ambulatory environment was chosen as the setting for this investigation. Understanding these relationships can help inform the design of quality decision support tools that enable investigation and evaluation of practice data to judge quality.
II. METHODS

A. Participants
The study received institutional review board approval. Thirty-two resident physicians from the same academic medical center participated in the study. The resident physicians were all in their second or third postgraduate year and were all familiar with comparative pooled patient data. They all had previously participated in at least six 1-h seminars where they were asked to evaluate the quality of ambulatory care provided to the population of patients under their direct care (i.e., their panel of patients). The number of potential participants consisted of 65, but due to scheduling, only 40-45 are available for participation during any one six-month time period (yielding an effective participation rate of over 70%). They were given a $10 gift card for their time.
B. Lens Model Study Design
We employed judgment analysis (JA) techniques [25] and a lens model [26] , [27] variant study design to analyze the participants' quality judgments and to address the three study objectives. To consider both internal (cognitive) and external aspects of judgment, lens model designs have been used in other healthcare-related studies of judgment [28] , [29] . Using this type of design, participants are presented with multiple "profiles" and asked to make judgments for each. The information used in profiles in this study are described below and consisted of pooled comparative information related to hypertension care. This design affords statistical modeling at the individual level, providing insight of internal accuracy and consistency for an individual judge. Aspects of the judge's policy including the relationship between the cues and the judgment (i.e., cue utilization) can also be considered. At the group level, agreement between multiple judges can be assessed. Data applicable to the 30 deidentified resident physicians in each profile were based on both the resident's panel of patients (the population of patients under the resident's direct care) and three additional comparative populations related to the resident: 1) the resident's firm (a term used by the healthcare system to refer to the resident's panel combined with five to six peer resident panels all supervised by the same attending physician); 2) all resident panels in the clinic combined; and 3) the entire clinic combined (including both attending and resident physician panels). The 30 residents used to create the judgment profiles in this study were selected from 103 possible. The criterion for selection was the 30 largest panels with respect to the number of patients meeting the inclusion criteria. These criteria included only patients who had been seen at the clinic within the last year, had a recorded diagnosis of hypertension, and were between the ages of 18 and 74. The average number of patients in the 30 panels used for the profiles was 36 ± 4.
We employed a two-phased method to identify what pooled quality component measures were needed to judge quality of hypertension care. First, a document analysis of clinical guidelines identified five electronically available measures [30] - [34] related to caring for hypertensive patients. Then, a separate focus group of seven internal medicine attending physicians narrowed the measures down to three (based on agreement of a lack of evidence in the literature that two of the measures were indicative of quality hypertension care). Table I indicates the three quality component measures related to hypertension care that were calculated for each population of patients.
Thus, for each of the 30 quality profiles, three types of information were defined to aid participants in judging quality of hypertension care. 1) The three hypertension quality component measures for the resident under review (i.e., the resident's panel) and for the additional three comparative populations of patients (i.e., the resident's firm, all resident panels combined, and the entire clinic) were available. 2) An interpretation of each quality component measure was also available. This was determined by calculating the percentile rank of the resident's panel compared with all other resident panels. 3) An algorithm was also developed to aggregate the quality component measures into a composite score meant to replicate expert judgment of overall hypertension care. This aggregation algorithm involved two steps. First, a weighted average of the three component measures was calculated. The weighting scheme for this computation was 2:1:1 and was determined by the focus group of internal medicine attending physicians who after agreeing on the three component measures, agreed that the "Goal BP" measure was twice as important as the other two measures. Second, the percentile rank of this weighted average for each resident (compared to all other residents) was calculated, and this percentile was available as the composite quality score.
2) Quality Decision Support Tool: A prototype quality decision support tool to display quality profiles was built in Microsoft PowerPoint and used Visual Basic and ActiveX controls. The tool could display the three different types of pooled comparative information described above: individual quality component measures (C), interpretation of quality component measures (I), and aggregation of quality component measures (A). Fig. 1 depicts the decision support tool displaying all three types (C, I, and A).
For displaying quality component measures (C), the decision support tool presented dot plots, where one plot included one component measure for each of the four populations. In addition, the tool also displayed confidence intervals for all component measures. Confidence intervals were calculated using the Pearson-Klopper method. However, to make the confidence intervals easier to interpret in this study, the populations were scaled by a factor of 10 before calculating the confidence intervals. This scaling did not affect the values of any of the quality component measures as they were always expressed as percentages. Without this scaling, the confidence intervals were large, and pilot testing for this study indicated that some users would disregard the data altogether. Thus, we determined it was an acceptable presentation adjustment for this study if confidence intervals were to remain displayed and not confound the analysis, while noting that future work would need to address this issue.
For displaying interpretation of component measures (I), the decision support tool displayed the percentile rank group for the resident under consideration for the quality component measures. If a resident was ranked in the bottom percentile, or 0-20%, for a component measure, "very weak" was displayed, 20-40% was represented with "weak," 40-60% was represented with "acceptable," 60-80% was represented with "strong," and 80-100% was represented with "very strong." A resident under consideration could have different component measure interpretations (e.g., "very weak" for one component measure and "very strong" for another). This scale was chosen to provide more meaning than a simple interpretation of the absolute values of the component measures. For example, if a resident physician only had 60% of their patients at goal blood pressure, but was the highest rank among peers, the interpretation in the form of the rank provides additional context over an interpretation based on the component measure alone.
For displaying the aggregation of component measures (A), the decision support tool displayed the quality of hypertension care composite score as calculated by the algorithm described above. This was indicated with a tick mark along a slider bar.
The quality decision support tool provided two additional functions for users. First, users could filter the data to include only patients with a diagnosis of diabetes or only patients with low income (defined by eligibility for the hospital's highest level of financial assistance). The filters were added to address concerns indicated in our prior work [35] that comorbidities and socioeconomic factors may bias the interpretation and use of the quality measures. Using the filters allowed for interrogating the measures while holding those factors constant. For both filters, the initial inclusion criteria for patients in all populations were maintained. Second, users could make their quality of care judgments by using a slider bar ranging from 0 (very weak) to 100 (very strong) located on the bottom of the decision support tool.
E. Experimental Design
Participants were randomized into one of four groups (see Table II ) based on the type(s) of pooled comparative information available on the decision support tool. The quality component measures (C) were available in all groups. The three combinations of information related to the interpretation (I) and aggregation (A) of component measures were included with the component measures to form the three other experimental groups.
F. Procedure
To begin, all participants were provided with a brief introduction to the study. They then stepped through a self-paced training session that was tailored to their information condition. This training also included three practice quality profiles to allow participants to gain familiarity with the task of judging quality of hypertension care using the prototype decision support tool. Participants were not told how the interpretation (I) or aggregation (A) of the quality component measures was computed.
During the experimental session, participants made 30 judgments of the quality of hypertension care for the 30 profiles (30 deidentified residents). They submitted their judgments using the continuous slider bar (bottom of Fig. 1 ) displayed for each profile. They were instructed the slider could be moved between the visible qualitative markings. The total time required for the training and experimental session was 30-45 min.
G. Dependent Variables and Data Analysis
Participants' judgments for the 30 profiles were recorded by the decision support tool directly. To address the first objective of investigating the accuracy of quality judgments, the residents' judgments were compared with judgments made by five experts. This approach was taken as no gold standard exists for what is considered a "correct judgment" of quality of hypertension care. The experts were internal medicine attending physicians whom had an average of 19.7 years of clinical experience (range 9-27 years) and an average of 17.8 years of academic medicine experience (range 9-24 years). Their judgments were made while having access to all information types (C, I, and A) using the same displays as the resident participants in the CIA condition, with access to no additional information. Of note, two of these five attending physicians also participated in the focus group to design the algorithm to compute the aggregated quality score (A). The focus group was conducted five months prior to when the two attending physicians made their quality judgments as experts for our study.
In order to compare the resident physicians' judgments to the judgments made by the experts, the attending physicians' judgments for each of the 30 profiles were first averaged. Then, each resident participant's set of judgments was correlated with the set of the average expert's judgments to obtain a measure of accuracy of judgment. This measure is called "achievement" in JA studies. Single-factor ANOVA was then used to analyze the effect of information type on accuracy across the four information conditions.
To address the second objective of investigating the consistency of quality judgments, linear regression on the participants' (residents) judgments with the component quality measures was conducted. The coefficient of multiple correlation, called "cognitive control" in JA studies, was used as a measure of consistency of judgment. A participant with perfect consistency (i.e., the component measures had equal impact on the quality judgment for each profile) would have a consistency measure of 1.0 and would show that judgments were made in a consistent and controlled fashion over the 30 profiles. Again, single-factor ANOVA was used to analyze the effect of type of information on consistency across the four information conditions. For both the first and second objectives, Fisher's r to z r transformation was performed on the correlations prior to conducting the ANOVA. Post-hoc analysis was also conducted using Tukey's Honestly Significant Difference.
To address the third objective of investigating the reliability of residents' quality judgments, the standard deviation in judgment values was calculated for each profile across participants grouped by experimental condition. Thus, for each experimental condition, there were 30 standard deviation values (one for each profile). A small standard deviation value would represent better reliability between residents for that profile. A repeated measures ANOVA was conducted with information condition nested within profile (i.e., to ensure the information condition effect within each and every profile). Post-hoc pairwise t-tests with adjusted p-values were also conducted.
III. RESULTS
A. Impact of Pooled Comparative Information on Accuracy of Quality Judgment
Overall, the participants' ability to judge the quality of hypertension care in terms of accuracy was fair. Average accuracy measures (i.e., correlation of the participants' judgments with those made by experts) were 0.60, 0.78, 0.70, and 0.74 in the C, CI, CA, and CIA conditions, respectively. Fig. 2 shows the means of accuracy by information type. Single-factor ANOVA of transformed data indicated a significant effect of information type on accuracy: F(3,28) = 4.31; p = 0.01. Tukey's post-hoc analysis indicated that accuracy was significantly higher for the CI condition compared with the C condition (p < 0.01), and there was a trend for the CIA condition to have higher accuracy than the C condition (p = 0.09). There were no other significant differences between other conditions. Although the expert judgments were significantly correlated with the composite quality of care score that was provided to residents in the CA and CIA conditions (r = 0.92, p < 0.0001), neither condition including that information resulted in higher resident correlation with the experts (to indicate higher accuracy in judgment). In fact, participants in the CI condition had the highest average correlation with the composite score compared with the other conditions; yet, these participants never saw the composite score. Average participant correlations with the composite score were 0.56, 0.78, 0.70, and 0.72 for C, CI, CA, and CIA, respectively.
The low accuracy across each experimental group may be attributed to mismatch in how the participants weighted the component measures as compared with the experts in making their quality judgments. Fig. 3 presents the computed measure weights for all participant models. The participants tended to underweight the measures as compared with the model from the experts. The resident participants' use of the patient outcome measure (percent of patients at goal BP) had less of an effect on judgment of quality of care compared with the experts. Considering the variance in the measure weights, the participants considered the recommended medications cue in a more consistent manner. Further, the process measure of percent of patients with recommended laboratory tests checked had a greater impact on five resident participants' judgments of quality of care compared with the experts. This could indicate that some residents may be more concerned with process measures, over which they have more control and may be less concerned with outcome measures that may be difficult to control in short periods of time (i.e., their residency program). 
B. Impact of Pooled Comparative Information on Consistency of Quality Judgment
The coefficients of multiple correlation of the linear regression on the participants' judgments were used as measures of consistency within individual participants across their 30 quality judgments. The average consistency was 0.66, 0.85, 0.79, and 0.79 for the C, CI, CA, and CIA conditions, respectively. Fig. 4 depicts the means of consistency for each information condition. For comparison, the graph also includes a dotted line representing the consistency of the experts at 0.97. Single-factor ANOVA on transformed data indicated a significant effect of information type on consistency: F(3,28) = 5.10; p = 0.006. Tukey's posthoc analysis indicated that consistency was significantly higher for the CI condition compared with the C condition (p < 0.005), and there was a trend for the CIA condition to be more consistent compared with the C condition (p = 0.09). There were no other significant differences between the other conditions.
C. Impact of Pooled Comparative Information on Reliability of Quality Judgments
To address the third objective of investigating reliability across participants as a function of type of information presented, the standard deviation of participants' judgments for each profile grouped by experimental condition was calculated. Smaller standard deviations would indicate better reliability across participants. The averages of standard deviations for the 30 profiles were 10.21, 11.16, 17.19, and 13.45 for the C, CI, CA, and CIA conditions, respectively. Fig. 5 shows the means of standard deviations by information condition. A repeated measures ANOVA with the information condition nested within profile shows that information type significantly impacted the reliability of the judgments across participants: F(3,112) = 3.37; p = 0.02. Post-hoc pairwise t-tests with adjusted p-values show that the CA condition resulted in significantly lower reliability (high standard deviation) compared with all other conditions: C (p < 0.0001), CI (p < 0.0001), and CIA (p = 0.003). Further, the CIA condition had significantly lower reliability (higher standard deviation) than the C (p < 0.01) and CI (p <0.05) conditions.
IV. DISCUSSION
A. Use of Comparative Information in Judging Quality
Judgments of quality based on pooled data are the focus of many quality programs and healthcare initiatives. Yet, it is not well understood how the type of information that is used in quality decision support tools impacts quality judgments. The goal of this study was to investigate the impact of different types of pooled comparative information on the ability of resident physicians' to judge quality of hypertension care.
In general, this was a difficult task for residents as indicated by somewhat low accuracy and internal consistency in each information condition. However, those who were presented with quality component measures and the addition of an interpretation of the component measures in the form of peer ranking (CI condition) had significantly more accurate judgments and were more internally consistent compared with residents presented with quality component measures alone. Accuracy was raised from 0.60 to 0.78, and consistency was raised from 0.66 to 0.85. Further, the residents in the CI condition were significantly more reliable between each other compared with those who were presented with an aggregation of component measures as a composite score (both the CA and CIA conditions). This was true despite little instruction, no training to a criterion, and no feedback on performance. This shows promise for this type of information to enhance the ability for one to make quality judgments. These results are supported by other studies of judgment, where additional contextual information improved judgment performance, particularly more than the addition of an algorithmic judgment [36] - [38] .
Although participants in the CA and CIA condition were provided with a quality composite score (A) that closely replicated expert judgment, they did not achieve higher accuracy and consistency and were significantly less reliable between each other. This was a somewhat surprising result. It is possible that participants in those groups may have adopted a distrusting strategy that involved anchoring their judgment on the composite score and then moving away from that score [39] . Further, participants were not provided with information regarding how the algorithm aggregated the component measures to determine the composite score, which could have resulted in a lack of trust in the score. Other studies have shown that when judges are provided with explanations about an algorithmic judgment (such as its weighting strategy), performance can be improved [40] . In those cases, judges also tended to increase adaptation to the algorithm, even when unwarranted [41] and especially when their trust in the algorithm exceeded their self-confidence [42] .
The presence of the aggregated quality score could also have negatively impacted performance due to participants employing strategies related to single-factor dominance theory [43] . Specifically, dissonance between the overall quality composite score and the quality component measure of percentage of patients at goal blood pressure (deemed most important by the experts) may have caused the participants to distrust the algorithm. Participants may have biased their judgments away from the algorithm's score (and further from the experts) when they perceived this dissonance.
B. Limitations and Future Work
There is a broader range of types and display representations of comparative information we could have presented. In particular, our representation for quality component measures (C) in the form of dot plots showing means and variations did promote some interpretation of the information. Additional representations of the types of comparative information should be tested to further understand the impact on quality judgment. For example, performance polygons have been suggested as another way to present component quality measures [44] . We also only provided two filters to interrogate the component measures when judging quality of hypertension care (diabetes and low income patients only). It is possible that providing additional filtering functionality could have improved the residents' judgments. Further, there may be a broader set of quality component measures that could be used to make a judgment regarding the quality of hypertension care and alternate methods for measure identification may be employed. For example, Cooksey [25] also suggests using a verbal protocol analysis for cue (component measure) identification.
The algorithm used to aggregate the component measures into a composite quality score was derived using expert opinion (attending physicians). The algorithm was highly correlated with the experts, whose quality judgments were used as the gold standard for comparison, implying that it was a realistic model of expert judgment. However, we do know there was a mismatch in the weighting scheme used to aggregate the component measures between the participants (here the residents) and the experts (here attending physicians). Others have found success in the use of composite scorecards when involving users in all aspects of measure selection and weighting [45] . Future work should investigate the impact of aggregating component measures based on the participant models to see if this impacts accuracy, consistency, and reliability of judgment.
Another limitation to this study was that experts' judgments were used as the gold standard for quality of care judgments. Their judgments could have been biased to the focus of the clinic or to the individual pressure or interest they each have related to hypertension care. For example, it could be that expert attending physicians are more interested in maintaining goal blood pressure among their hypertensive patients because that outcome is under more scrutiny by insurance companies or hospital administrators. Despite this limitation, the JA approach enabled uncovering the impact of information type on both consistency within individual participants (residents) and reliability across participants, which were analyzed independent of the experts' judgments.
The quality component measures used in this study were obtained from a clinical data repository containing only EMR-derived data. Database integrity is, therefore, critical to the success of the quality judgment program. Some studies have shown that quality component measures may not represent the true population (here, patients seeking care) due to numerator loss and thus underestimation of process measures [13] - [15] . When developing quality component measures and related information to use in quality judgment, one should consider the limitations of the available data. Another data limitation in this study was the use of confidence intervals derived after scaling the comparative populations, which reduced the size of the intervals. This design choice was made to limit the possibility of confounding the experiment if some users disregarded the data altogether and were unable to make a judgment based on comparing populations. In general, the use of confidence intervals for smaller populations is a major challenge in communicating uncertainty. Future work should investigate alternate strategies for displaying uncertainty in the component measures that could enable better judgment performance. Potential options could be the use of shading [46] or textures, or using a variant of the box plot to indicate descriptive data features [46] . Natural language processing techniques may also help improve the validity of quality measures derived from unstructured data sources, reducing numerator loss and improving the usefulness of confidence intervals [47] .
From an application perspective, it is important to understand the goal of quality decision support tools and the impact that the design of such tools have on quality judgment. It is unclear if clinicians who are better able to judge the quality of their care (i.e., make more accurate, consistent, and reliable judgments) based on pooled comparative information will improve their practice behaviors, resulting in better care for the patients. Additionally, there could be other unintended consequences of poor quality judgment performance. For example, physicians may avoid certain populations of patients or discount clinical knowledge and patient preference in order to achieve better quality component measures that are weighted more heavily [48] . Future work should ultimately aim to investigate the impact of the quality assessment process on specific practice behaviors and patient care.
V. CONCLUSION
Judging quality, especially in healthcare, is difficult. We need decision support tools that support accurate, consistent, and reliable judgments of quality in order to enhance patient care [49] . True quality judgments allow practitioners to investigate and evaluate their care in order to recognize successes and identify areas for improvement [45] . The results of this study have implications for the design of quality decision support tools. For such tools that aim to support one's ability to judge quality based on pooled comparative information, it may be more beneficial to focus design efforts on aiding the interpretation of quality measures, rather than on developing sophisticated algorithms that aggregate quality measures into composite scores.
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